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A B S T R A C T
Policy-driven shifts from net deforestation to forest expansion are being stimulated by increasing social pre-
ferences for forest ecosystem services. However, policy uncertainty can disrupt or reverse the positive eﬀects of
forest transitions. For instance, if the loss of remnant (primary) forest continues, the ecological beneﬁts of net
forest gains may be small. We investigated how peak periods of uncertainty in forest conservation policy aﬀected
forest transition outcomes in Queensland, Australia, as well as a globally-relevant biodiversity hotspot in the
state, the Brigalow Belt South (BBS) bioregion. Political, socioeconomic, and biophysical factors associated with
net forest cover change and remnant forest loss from 1991 to 2014 were identiﬁed through spatial longitudinal
analysis. This informed a Bayesian structural causal impact assessment of command-and-control regulation and
policy uncertainty on remnant and non-remnant forest cover. The results indicate that forest cover was nega-
tively inﬂuenced by increasing temperatures, food prices, and policy uncertainty, and positively inﬂuenced by
strengthening regulation. Regulation during 2007–2014 avoided 68,620 ± 19,214 km2 of deforestation (with
18,969 ± 10,340 km2 of this in remnant forests) throughout Queensland, but was ineﬀective on remnant forests
in the BBS. For state-wide remnant forests, perverse eﬀects from policy uncertainty (e.g. pre-emptive defor-
estation) were strong enough to negate regulatory impacts. This study reveals a cautionary tale for conservation
policy: despite strict environmental regulations, forest transition can be delayed (or reversed) when political
inconsistency or instability provoke unintended reactions from landholders.
1. Introduction
1.1. Deforestation and policy feedbacks
Since 1990, over 185,000 km2 of forests have been converted to
other land uses around the world (Food and Agriculture Organization
(FAO, 2016a), with others estimating a complete loss of 50% of global
forest cover prior to the 21st century (Food and Agriculture
Organization (FAO, 2016b). Agricultural expansion is the most com-
monly cited proximate driver of deforestation (Barbier and Burgess,
2001a; Hosonuma et al., 2012), and it is estimated to account for
roughly 80% of global deforestation (Kissinger et al., 2012). However,
despite a wealth of case studies, few generalizations can be made re-
garding the causes of deforestation (Allen and Barnes, 1985; Deacon,
1994; Busch and Ferretti-Gallon, 2017). The drivers of deforestation
often occur in complex feedbacks, operate at diﬀerent scales, and are
spatially and temporally dynamic; regulation of deforestation will likely
not have homogenous eﬀects on all stakeholders (Rudel et al., 2009;
Seabrook et al., 2006). In many instances, the causes of forest loss in
tropical deforestation hotspots can be linked to general characteristics
of the countries’ development, including less secure property rights,
political corruption, and desires for rapid economic growth (Angelsen
and Kaimowitz, 1999; Barbier and Burgess, 2001a,b; DeFries et al.,
2010). Deforestation rates in developed countries receive much less
attention and scholarly treatment.
Evidence suggests that societal preference for forest conservation
and expansion represented through policy could result in forest tran-
sition (Rudel et al., 2005). While signiﬁcant environmental and
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socioeconomic beneﬁts may be expected from sustained forest transi-
tions, forest conservation policies place signiﬁcant constraints on
landholders by introducing restrictions on property rights, proﬁtability,
and tenure security in some cases (Alston et al., 2000; Aldrich et al.,
2012). Such constraints could disrupt or reverse transition processes
and outcomes, particularly when inﬂuential policies change frequently,
as the threat of future restrictions may provoke unintended behavioural
responses, such as pre-emptive deforestation (Brown et al., 2016).
Further, if forest conservation policies fail, are poorly implemented, or
provoke perverse responses, this can result in delays, inconsistencies,
and reversals of forest transition (Barbier et al., 2010). Political time-
lines are signiﬁcant drivers of policy change (Kingdon, 2003; Pierson,
2004), and ﬂuctuations in the number and intensity of policies may
provoke higher policy uncertainty for landholders, resulting in in-
creased deforestation (Zhang, 2001; Gasparri and Grau, 2009; Knill
et al., 2012). The frequent use of ‘command-and-control’ reg-
ulations—i.e. direct regulations deﬁning legal and illegal activities
(McManus, 2009)—may also encourage negative feedbacks, as these
tactics are often polarizing, inﬂexible, and may reduce landholders’
inherent motivations to protect the environment (Smith and Vos, 1997;
Dresner et al., 2006; Jordan and Matt, 2014).
1.2. Contentious forest policy in Australia
Australia, and particularly the state of Queensland, represents an
important and globally relevant case study in the impacts of policy on
forest transition and the diﬀerential eﬀects on net forest cover and
remnant forest loss. Global deforestation patterns are mirrored in
Australia, where rapid industrialization and agricultural expansion re-
sulted in the loss of nearly 15% of native forests, with 7% of primary
forests lost since 1972 (Bradshaw, 2012; Evans, 2016). Deforestation
drivers in Australia may represent a suite of characteristics reﬂective of
both developed and emerging economies, such as potential proﬁtability
of the land (Bartel, 2004; Lindenmayer, 2005), agricultural prices
(Kaimowitz and Angelsen, 1998; Seabrook et al., 2006), remoteness
(Geist and Lambin, 2002; Simmons et al., 2018), property character-
istics (Turner et al., 1996; Seabrook et al., 2007), and command-and-
control regulations (Angelsen and Kaimowitz, 1999; Assunção et al.,
2012). Recent rates of deforestation marked Australia with one of the
highest annual deforestation rates in the world during 1990–2000
(Lindenmayer, 2005). While some reports have listed Australia amongst
the top countries for reported forest area and annual net forest gain
(e.g. Food and Agriculture Organization (FAO, 2016a), remnant (pri-
mary) vegetation continues to be lost throughout the State of Queens-
land, Australia (Simmons et al., 2018), and the ecological value of
remnant forests often cannot be easily substituted by recent reforesta-
tion eﬀorts (Bowen et al., 2009).
Deforestation in Queensland constitutes over 60% of all deforesta-
tion in the country in recent history (Evans, 2016) and the state entered
the forest transition phase as late as 2008, though recent spikes in de-
forestation since 2013 may signal a reversal of this transition (Marcos-
Martinez et al., 2018). These transitions have occurred in conjunction
with the Queensland Government’s introduction of regulations on
remnant deforestation on private lands via the controversial Vegetation
Management Act 1999 (QLD). Since its introduction, the policy has been
fraught with debate over its design, implementation, and impacts on
landholders (Productivity Commission, 2004; Senate Inquiry, 2010).
The policy has undergone considerable regulatory ﬂuctuations over
time. After placing a moratorium on clearing permits in 2003, Parlia-
ment entered a policy transition phase, allowing a cap of 5000 km2 of
‘broad-scale’ clearing (large-scale clearing for crops and pastures). This
was followed by a period of growing policy restrictions, including a
complete ban on broad-scale clearing and protection of ‘high-value’
regrowth (secondary) vegetation. Following a change in Parliament’s
majority political party in 2012, amendments to the Act subsequently
eliminated high-value regrowth protection, added new clearing
exemptions, and allowed landholders to self-assess their clearing
practices (Simmons et al., 2018). Despite some evidence that the broad-
scale clearing ban in 2007 resulted in reduced deforestation (Evans,
2016) and greater net forest gains (Marcos-Martinez et al., 2018), this
political inconsistency has produced some perverse outcomes, such as
pre-emptive or ‘panic’ clearing during policy introduction (Simmons
et al., 2018).
This study investigates the inﬂuence of the broad-scale clearing ban
and peak periods of policy uncertainty on deforestation rates alongside
more traditional biophysical, socioeconomic, and property-based dri-
vers frequently identiﬁed in the literature. We applied a spatial long-
itudinal analysis to distinguish signiﬁcant drivers of net forest cover
change from drivers of remnant forest loss. This allowed us to de-
termine the role of various factors on two forest metrics with diﬀerent
ecological ramiﬁcations and at diﬀerent scales. We then used Bayesian
time series models to estimate the causal impact of the broad-scale
clearing ban on deforestation trends under diﬀerent conditions. To
identify potential scale-speciﬁc eﬀects, we apply these models to the
entire State of Queensland and to the Brigalow Belt South bioregion, a
historical biodiversity and deforestation hotspot within the state. We
show that command-and-control regulation can spur forest transition,
but its eﬀectiveness can be limited or counteracted by frequent policy
uncertainty. The results of this study highlight the importance of
creating strong and stable deforestation regulations to avoid potential
perverse responses from landholders during frequent political regime
changes.
2. Methods
2.1. Study areas
The State of Queensland spans 2.04M km2 of diverse habitats, in-
cluding tropical, temperate, and desert bioregions. Prior to signiﬁcant
deforestation, the state was dominated by eucalypt woodlands along
the eastern coast, acacia-dominated open forests in the southern in-
terior, and tussock grasslands in the west (Neldner et al., 2017). Today,
however, much of the forests have been cleared, leaving highly frag-
mented acacia forests and eucalypt woodlands in the south-central
bioregions (Fig. 1). The Brigalow Belt South (BBS) bioregion en-
compasses approximately 0.22M km2 of south-central Queensland. The
bioregion exhibits cyclic and highly variable rainfall typical of sub-
tropical patterns, with an annual mean rainfall of 500–750mm (Crimp
and Day, 2003; Lloyd, 1984). The dominating vegetation types within
the BBS include dry and alluvial eucalypt woodlands and acacia forests
(e.g. brigalow, Acacia harpophylla) (Seabrook et al., 2006, 2008). These
woodlands are frequently structured as ‘open’ woodlands or forests,
containing a diverse composition of plant species and generally main-
taining shrub- or low tree-layers (Lucas et al., 2014). This biodiversity
hotspot provides habitat for 492 resident bird species, as well as nu-
merous endemic and endangered reptiles, plants, and mammals
(McAlpine et al., 2011; Ponce Reyes et al., 2016).
2.2. Forest cover data
Our analysis relies on binary forest cover data (25m resolution)
generated through supervised classiﬁcation of Landsat imagery for the
Australian Government’s National Carbon Accounting System – Land
Cover Change Program (NCAS-LCCP) (Caccetta et al., 2012). Forests in
such datasets, and throughout this study, are areas of vegetation with
potential to reach at least 20% or greater crown cover and 2m of height
(Macintosh, 2007). Land cover estimates based on remote sensing data
may, however, contain transition errors when temporal dependencies
are uncontrolled for (Marcos Martinez and Baerenklau, 2015). Thus, we
used transition rules to control for illogical forest cover changes in each
year (t) relative to the conditions observed at t ± 1 and t ± 2. Because
we do not have data for 2015, we do not include t+ 2 for 2013, and we
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use the original NCAS data for 2014. Additional details on the NCAS
methodology can be found in Caccetta et al. (2012).
To reduce the computational requirements to study net forest cover
change over large areas, we deﬁne a forest cover index (FCI) as the
proportion of 1 km2 cells with designated forest status for the entire
State of Queensland. We limit the study area of Queensland to the re-
gions where available forest cover data overlaps for all of the following
17 years: 1991, 1992, 1995, 1998, 2000, 2002, and annually from 2004
to 2014 (see study area, Fig. 1). The excluded area mostly consists of
semi-arid scattered vegetation. Further, deforestation events occurring
on natural resource management areas (i.e. national and regional parks,
state forests, reserves, forest reserves, and timber reserves) were ex-
cluded from the study area. The ﬁnal dataset consisted of over
22million FCI observations.
To identify areas of remnant forest, we obtained the earliest map of
all remnant vegetation in the state from 1997 (Queensland Spatial
Catalogue (QSC, 2016a) and overlapped the extent of remnant vege-
tation with the FCI of 1998 to produce a remnant forest cover index
(RCI) for 1998. Due to a lack of data, the RCI models did not include
remnant data in 1991, 1992, or 1995. Because the NCAS data does not
distinguish primary and secondary forests, areas of remnant forest loss
can experience forest gains in subsequent years (i.e. secondary forest
growth). To monitor remnant forest loss over time and exclude any
secondary gains, RCI maps for subsequent years were generated by
subtracting land clearing data from the Statewide Landcover and Trees
Study (SLATS) (Queensland Spatial Catalogue (QSC, 2016b). SLATS
quantiﬁes the loss of all woody vegetation identiﬁable by Landsat
imagery with a foliage projective cover above 8% for the following
relevant ﬁscal-year periods: 1997–1999, 1999–2000… 2013–2014).
This dataset should thus be able to detect the loss of NCAS-deﬁned
forests. Because SLATS also identiﬁes the purposes of clearing events,
only human-caused clearing events were included (i.e. clearing for
pasture, cropping, infrastructure, settlements, mining, thinning, timber
plantations, and unknown clearing); natural tree loss purposes were
thus excluded from the RCI change (i.e. natural tree death and natural
disaster damage). For additional details on the SLATS methodology, see
Scarth et al. (2008).
2.3. Policy as a driver of forest cover dynamics
We investigated the inﬂuence of 17 predictor variables on FCI and
RCI for Queensland and the BBS, encompassing biophysical (9 vari-
ables), socioeconomic (4 variables), property (2 variables), and political
(2 variables) parameters identiﬁed in the literature for their eﬀect on
deforestation (Table 1). These variables were selected due to their
historical signiﬁcance in the literature for driving land cover change
dynamics in the Brigalow Belt (Seabrook et al., 2006), Queensland
(Evans, 2016), agricultural zones of Australia (Marcos-Martinez et al.,
2017), and global meta-analyses (Busch and Ferretti-Gallon, 2017).
Dummy variables were incorporated to represent the political factors
used in the statistical model: when broad-scale clearing was banned by
the Vegetation Management Act (2007–2014), and periods of peak
policy uncertainty. We represent policy uncertainty as a measure of the
volatility of forest conservation policy (Aizenman and Marion, 1993;
Feng, 2001), in which greater probability of policy change provokes
greater uncertainty. For this study, we deﬁne periods of uncertainty to
be one year before and one year after the enactment of pivotal vege-
tation management policies in Queensland. This window captures
periods of campaigning and preliminary Parlimentary debate, which
have been shown to represent peak uncertainty in other policy sectors
(Baker et al., 2016), as well as the direct aftermath of policy change,
where appeals were discussed and stakeholders had to rapidly adjust
their land management regimes and gain suﬃcient knowledge of the
new regulations (Productivity Commission, 2004).
Fig. 1. Extent of forest cover in 2014 within the study area of Queensland and
the Brigalow Belt South (BBS) bioregion.
Table 1
Variables included in the econometric model. Expanded table in Supplementary
Information (Table A.1).
Category Variable Type
Forest cover Forest Cover Index (FCI) Spatial time
series
Remnant Forest Cover Index
(RCI)
Spatial time
series
Biophysical characteristics Elevation Spatial
Slope Spatial
Soil pH Spatial
Soil clay content Spatial
Soil bulk density Spatial
Rainfall Spatial time
series
Rainfall variability Spatial
Maximum temperature Spatial time
series
Drought frequency Spatial
Socioeconomic
characteristics
Food price index Annual time
series
Potential agricultural proﬁt Spatial
Distance to protected areas Spatial time
series
Accessibility and Remoteness
Index of Australia (ARIA)
Spatial
Property characteristics Parcel size Spatial
Tenure
Freehold Spatial
Leasehold Spatial
Other Spatial
Political characteristics Broad-scale clearing ban Annual time
series
Policy uncertainty Annual time
series
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In order for a full year to be designated as a year of policy un-
certainty, more than six months of that year must have been within the
one-year window before or after enactment. The following pivotal
policy enactments, and their subsequent uncertainty windows, were
distinguished for the policy uncertainty variable based upon the policy
timeline of Simmons et al. (2018): Land Act 1994 (1994, 1995), Vege-
tation Management Act 1999 (1999, 2000), Vegetation (Applications for
Clearing) Act 2003 (2002, 2003), Vegetation Management and Other
Legislation Amendment Act 2004 (2003, 2004), Vegetation Management
and Other Legislation Amendment Act 2009 (2009, 2010), and Vegetation
Management Framework Amendment Act 2013 (2012, 2013). Re-
cognisably, policy uncertainty likely undergoes considerable ﬂuctua-
tions over time and is not completely absent between peak uncertainty
periods (Baker et al., 2016). Other events may also heighten political
uncertainty, such as state elections or changes to federal environmental
policy (e.g. Environment Protection and Biodiversity Conservation Act
1999), but changes in political power often have marginal eﬀects on
policy uncertainty (Feng, 2001), and state regulations have the most
direct inﬂuence on Queensland landholders.
2.4. Modelling forest cover dynamics
To identify deforestation drivers, we applied a spatial panel error
analysis akin to models previously used to identify national drivers of
land use/land cover change in Australian agricultural zones (Marcos-
Martinez et al., 2018). Under this approach, spatiotemporal forest cover
changes are modelled as:
ln(Y) = β′ ln(X) + u (1)
where ln represents the natural logarithm, Y is a vector of N FCI or RCI
observations for all the T years during the study period; X is a matrix of
spatiotemporal forest cover change drivers; β is a vector of marginal
eﬀects estimates; and u is a vector of disturbances. This error vector
includes the eﬀects of spatial error correlation,
u = (IT ⊗ ρ W) u + ω (2)
unobserved heterogeneity,
ω = (ιT ⊗ IN) μ + υ (3)
and random disturbances (υ) (Millo and Piras, 2012). Here, IT and IN
are identity matrices of dimension T and N; ιT is a vector of ones of size
T; ⊗ indicates the Kronecker product; W is a spatial weights matrix of
size N; ρ is the spatial error correlation parameter; ω is a vector that
captures unobserved heterogeneity (μ) and standard random normal
disturbances (υ) (Kapoor et al., 2007; Millo and Piras, 2012). Four
models were developed: (1) Net forest cover (FCI) in Queensland, (2)
FCI in the BBS, (3) Remnant forest cover (RCI) in Queensland, and (4)
RCI in the BBS. We performed 1000 iterations of each model for sam-
ples with 10,000 observations per year to estimate the mean, standard
deviation, and 95% conﬁdence intervals of β per model.
Most explanatory variables used to predict forest cover change ex-
hibited negligible collinearity, though some signiﬁcant correlations
were observed for the temporally constant climatic variables (Fig. A.1).
For example, rainfall variability was positively correlated with annual
rainfall, and drought frequency was negatively correlated with annual
rainfall and maximum temperature. These relationships coincide with
the longitudinal progression of Queensland’s climate, where cooler and
wetter regions along the east coast progress to hotter and drier land-
scapes westward. However, multicollinearity was assessed using the R
package ‘mctest’ (Imdad Ullah and Aslam, 2018), and all variables ex-
hibited a variable inﬂation factor (VIF) well within the accepted range
for inclusion in regression analyses (Kutner et al., 2004; Sheather,
2009) (Table A.2). Thus all variables were included in the initial
random eﬀects models, and the most correlated parameters were only
used as control variables in the ﬁnal ﬁxed eﬀects models, further
eliminating any collinearity issues. The ﬁnal regression results in-
dicated stability of the coeﬃcient estimates to diﬀerent model speciﬁ-
cations.
Results from an iterative Hausman test (Hausman, 1978) indicated
that for most of the samples a ﬁxed eﬀects approach was recommended
(Table A.3, Fig. A.2). Thus we focus the results and discussion of our
analysis to the ﬁxed eﬀects model, while noting that results from
random eﬀects regressions were largely consistent, with the statistically
signiﬁcant variables having the same sign and roughly equivalent
magnitudes (Tables A.4, A.5). To compute predictions for each model
for all study periods, we followed the ﬁxed eﬀects spatial maximum
likelihood estimation (FE-MLE) described by Baltagi et al. (2012). As a
goodness-of-ﬁt measure, we generated pseudo R-squared averages for
each year, as well as global R-squared averages per model, by using the
square of the correlation coeﬃcient between predicted and observed
FCI or RCI values described by Elhorst (2014) (see Appendix for addi-
tional details on the methodology). Construction and analysis of the
econometric models were performed in R version 3.4.1 (R Core Team,
2017) using the packages ‘plm’ (Croissant and Millo, 2008), ‘splm’
(Millo and Piras, 2012), ‘RANN’ (Arya et al., 2017), and ‘matrixStats’
(Bengtsson, 2018).
2.5. Causal impact of regulation
While spatial panel regressions are useful to investigate associations
between forest cover change and relevant potential drivers, such
methods are limited in inferring the causal impact of policy interven-
tions (Brodersen et al., 2015; Law et al., 2017). We therefore applied
Bayesian structural models on time-series data to determine the causal
eﬀect of the broad-scale clearing ban on forest cover change based upon
an estimated counterfactual. The impact analysis was performed for all
four models using the R package ‘CausalImpact’ (Brodersen et al.,
2015), which generates a synthetic control based on the time series data
to estimate the amount of avoided deforestation. Using 2007–2014 as
the post-intervention period, the pre-intervention period was deﬁned as
1992–2006 for net forest cover and 1998–2006 for remnant forest
cover. Because of data-deﬁcient years for both the NCAS and SLATS
datasets, years for which no annual data of forest cover/loss are
available were averaged into annual estimates. Variables from the ﬁxed
eﬀects model (except the clearing ban) were used as covariates to
control for confounding inﬂuences on the regulation’s impact; for an-
nual spatial time-series variables, the state- or bioregion-wide average
was used accordingly.
Because the clearing ban was formally announced in 2004, it may
also be reasonable to assume the early impacts of the ban began prior to
its oﬃcial commencement, as ﬁnancial adjustment packages were im-
plemented and transitional caps were set on broad-scale clearing per-
mits (Kehoe, 2009); thus, we also determined the impact when the post-
intervention period represented 2004–2014 for comparison. The impact
estimates of both post-intervention scenarios were compared to (1)
estimates when the policy uncertainty variable was excluded, and (2)
estimates excluding 2012–2014, when amendments to the Vegetation
Management Act reduced previous restrictions of the broad-scale
clearing ban (Simmons et al., 2018). If policy uncertainty signiﬁcantly
reduces forest cover, then its exclusion from the impact analysis should
result in smaller impact estimates of the clearing ban. For additional
details on the estimation of causal impacts using this approach, see
Brodersen et al. (2015).
3. Results
3.1. Deforestation trends
During 1991–2014, Queensland experienced a net loss of
37,595 km2 (11.6%) of forests outside of protected areas, despite
gaining 16,806 km2 (5.16%) of secondary forests since 2008 (Fig. 2a).
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Similarly, in the BBS, gains following the broad-scale clearing ban
(3066 km2) were not enough to avoid a net reduction in 10.9%
(5662 km2) of BBS forests since 1991. Unlike the rest of Queensland, the
BBS experienced a net loss of forest in 2014, and the rate of remnant
forest loss in the BBS (6.81%; 2914 km2) has been greater than at the
state level (4.58%; 13,124 km2) (Fig. 2b). Remnant deforestation de-
clined to its lowest levels across both scales during 2007–2014, when
the broad-scale clearing ban was in force. Placed in the context of other
SLATS woody vegetation clearing events, the clearing of remnant for-
ests in Queensland and the BBS accounts for 23.6% and 18.2% of all
anthropogenic clearing activities since 1998, respectively. Further,
remnant forests account for 42.5% and 43.7% of all remnant vegetation
clearing identiﬁed by SLATS during this period for Queensland and the
BBS, respectively. In most instances, periods of peak policy uncertainty
coincided with increased rates of deforestation, though some contra-
dictory trends can be observed between scales and forest types. Most
notably, the long period of uncertainty during 2002–2004, when the
moratorium was enacted, coincided with both a dramatic increase in
remnant deforestation across Queensland and a large decrease in total
deforestation in the BBS.
3.2. Deforestation drivers
The majority of deforestation during 1991–2014 occurred in the
intensive agricultural regions throughout central Queensland, with
most reforestation occurring in the southeast and in patches of central
and northern Queensland (Fig. 3a). The spatial ﬁxed eﬀects model of
FCI in Queensland explained a high degree of the variance in total
forest cover during this time period (global R2= 0.9015), with the
greatest prediction errors occurring in these patches of reforestation in
central Queensland (Fig. 3b). Similarly, the FCI model in the BBS had a
high predictive power (global R2= 0.8993), with greatest errors in
predicting reforestation surrounding local protected areas. Most vari-
ables included in the ﬁxed eﬀects FCI models for Queensland and the
BBS signiﬁcantly inﬂuenced forest cover dynamics (Table 2). At both
scales, maximum temperature, food prices, and policy uncertainty had
an inverse relationship with forest cover, while distance to protected
areas and the broad-scale clearing ban signiﬁcantly increased forest
cover. Rainfall had an insigniﬁcant eﬀect on forest cover throughout
Queensland, yet had a negative eﬀect within the BBS. The sign and
magnitude of the relationship of these variables were largely consistent
with those generated in the random eﬀects FCI models (Table A.4),
which also identiﬁed greater forest cover on steeper slopes, in more
remote areas, with greater rainfall variability, and on larger properties
under leasehold tenure, consistent with results from previous studies
(e.g. Marcos-Martinez et al., 2018; Simmons et al., 2018). The BBS
dummy variable in the random eﬀects model was positively associated
with forest cover, indicating relatively greater forest gains compared to
the rest of Queensland.
Remnant deforestation was largely concentrated in south-central
Queensland within the BBS and the Mulga Lands bioregion, which ex-
tends beyond the BBS’s western border (Fig. 4a). The ﬁxed eﬀects RCI
model had an exceptionally high explanatory power for Queensland
(global R2= 0.9936) and the BBS (global R2= 0.9925) with minimal
prediction error (Fig. 4b). Like the FCI model, all variables signiﬁcantly
aﬀected RCI, with maximum temperature, food prices, and policy un-
certainty reducing remnant forest cover, and the broad-scale clearing
Fig. 2. Annual rate of (a) net forest cover change and (b) remnant forest loss
over time in Queensland and the Brigalow Belt South bioregion (outside of
protected areas). Shaded areas highlight key policy periods along the timeline
incorporated into the analysis. Reliable data for remnant forest loss prior to
2000 is not available.
Fig. 3. Net forest cover change in Queensland and the Brigalow Belt South
bioregion. (a) Change in the forest cover index (FCI) over time. (b) Diﬀerence
between predicted and observed FCI change, where 1 = complete over-
estimation of FCI in 2014, and -1 = complete underestimation.
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ban reducing deforestation at both scales (Table 3). For the entire State
of Queensland, the relationships of rainfall and distance to protected
areas opposed those in the Queensland FCI model, resulting in a de-
crease in remnant forest cover. Again, the ﬁxed eﬀects results were
largely reﬂected in the random eﬀects RCI models (Table A.5). Like the
FCI model, the BBS dummy variable showed a positive relationship
with remnant forest cover.
3.3. Regulatory impacts
Despite the broad-scale clearing ban primarily targeting the pro-
tection of remnant vegetation, the ban had a signiﬁcant impact on all
forests, increasing forest cover by 8262 ± 2992 km2 (area± std. dev.)
in the BBS and 69,918 ± 19,246 km2 throughout Queensland during
2007–2014 compared to the counterfactual (Fig. 5). These impacts did
not signiﬁcantly change when policy uncertainty was unaccounted for,
and though excluding the period of policy relaxation (2012–2014) re-
duced the amount of avoided deforestation, the signiﬁcant impact was
consistent with the trend observed for the full time period (Table A.6).
The impact on Queensland forests was also signiﬁcant when setting the
intervention period to 2004, the year the broad-scale clearing ban was
oﬃcially announced, though the amount of avoided deforestation was
reduced by approximately 50%. In the BBS, however, this change in the
intervention date resulted in insigniﬁcant impact estimates
(3344 ± 3360 km2).
The clearing ban also had a signiﬁcant impact on remnant forests in
Queensland during 2007–2014, avoiding 18,969 ± 10,340 km2 of
remnant deforestation compared to the counterfactual (Fig. 6). When
the inﬂuence of policy uncertainty was uncontrolled in the analysis,
however, there was no longer a signiﬁcant impact from the clearing ban
(6483 ± 4504 km2) (Table A.6). Under all scenarios, no signiﬁcant
impact was found for the clearing ban on remnant forests in the BBS
(94 ± 1502 km2). Again, excluding the inﬂuence of policy uncertainty
reduced the estimated impact on remnant forest cover even further
(-323 ± 1376 km2), suggesting a more negative eﬀect from the
clearing ban. While excluding 2012–2014 from the analysis increased
the ban’s impact, the result remained insigniﬁcant. The signiﬁcance of
regulatory impacts on remnant forests starting in 2004 were the same as
those for all forests.
4. Discussion
This study identiﬁed a number of deforestation drivers consistent
with pressures typically identiﬁed in other tropical deforestation hot-
spots, punctuated with some disconcerting evidence of potential per-
verse inﬂuences of uncertainty associated with forest conservation
policy. While the broad-scale clearing ban facilitated forest transition in
Queensland, the negative eﬀects of frequent policy changes and asso-
ciated uncertainty diminished or negated the beneﬁts of regulation on
remnant forests—the most threatened and ecologically signiﬁcant for-
ests—depending upon the spatial scale. Some consistencies were found
between trends in net forest cover change (FCI) and remnant forest loss
(RCI), but the two metrics will yield diﬀerent implications for
Table 2
Coeﬃcients (β) of the variables included in the spatial ﬁxed eﬀects econometric model of net forest cover change. Coeﬃcients represent the percent change in FCI per
1% change in the explanatory variable.
Variable Queensland Brigalow Belt South
Coeﬃcient Std. dev. 95% Conf. Interval Coeﬃcient Std. dev. 95% Conf. Interval
Lower bound Upper bound Lower bound Upper bound
Biophysical characteristics
Rainfall (5-year moving mean) −0.0019 0.0708 −0.0063 0.0025 −0.8727 0.1095 −0.8795 −0.8659*
Temperature (5-year moving mean) −18.777 1.2128 −18.852 −18.702* −22.391 1.2367 −22.467 −22.314*
Socioeconomic characteristics
Food price index −0.7299 0.0760 −0.7347 −0.7252* −0.7080 0.0789 −0.7129 −0.7031*
Distance to protected areas 0.0046 0.0037 0.0044 0.0048* 0.0153 0.0038 0.0150 0.0155*
Political characteristics
Broad-scale clearing ban 0.0953 0.0217 0.0939 0.0966* 0.1125 0.0243 0.1110 0.1140*
Policy uncertainty −0.1391 0.0093 −0.1396 −0.1385* −0.1662 0.0112 −0.1669 −0.1655*
Mean R2 0.9180 0.9355
Global R2 0.9015 0.8993
* Conﬁdence interval excludes zero.
Fig. 4. Remnant forest loss in Queensland and the Brigalow Belt South bior-
egion. (a) Change in the remnant forest cover index (RCI) over time. (b)
Diﬀerence between predicted and observed RCI change, where 1 = complete
overestimation of RCI in 2014, and -1 = complete underestimation.
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biodiversity, habitat quality, and ecosystem function. The results
highlight the importance of strong and consistent deforestation reg-
ulation and aligned reporting at diﬀerent spatial scales.
4.1. Drivers of forest cover change
Overall, the majority of drivers considered in this study produced
consistent relationships with net forest cover and remnant forest loss.
Thus it is likely that these two metrics of forest cover change are cap-
turing similar conditions of deforestation throughout the state.
Increases in temperature and food prices were associated with defor-
estation across all metrics and spatial scales, which is consistent with
previous econometric models of deforestation (Byerlee et al., 2014;
Marcos-Martinez et al., 2018). While protected areas may directly
prevent deforestation within their borders, some studies suggest that
protected areas may indirectly increase clearing rates in the sur-
rounding buﬀer zones due to the displacement of clearing opportunities
within the protected area (Ferraro et al., 2011; Miteva et al., 2012).
Potential negative spill-over eﬀects of protected areas were only iden-
tiﬁed for state-wide remnant forests. Particularly in the BBS, a large
proportion of forest gains were near these protected areas, which
contrasts with national trends (Marcos-Martinez et al., 2018). Greater
rainfall signiﬁcantly decreased FCI in the BBS and RCI across all scales.
Favourable rainfall conditions have been known to inﬂuence spikes in
Queensland deforestation prior to policy reform (Macintosh, 2012), and
the promotion of grass growth from greater rainfall increases the car-
rying capacity of livestock, further incentivising and providing the ca-
pital for pasture expansion to increase short-term proﬁtability (Rolfe,
2000).
4.1.1. The inﬂuential roles of policy
The broad-scale clearing ban signiﬁcantly reduced forest loss across
all metrics and spatial scales (Tables 2 and 3), but its causal impact
diﬀered between forests (Figs. 5 and 6). The broad-scale clearing ban in
2007 primarily regulates deforestation of remnant vegetation, yet total
forest cover in Queensland and the BBS was positively impacted by the
ban. This may represent indirect, positive spill-over eﬀects from the
clearing ban, whereby increased regulation of the most threatened ve-
getation added perceived public value to all vegetation, reducing the
economic and social incentives to clear forests and/or increasing re-
forestation incentives. Additional indirect eﬀects on deforestation from
environmental regulations, such as altering international market
Table 3
Coeﬃcients (β) of the variables included in the spatial ﬁxed eﬀects econometric model of remnant forest loss. Coeﬃcients represent the percent change in RCI per 1%
change in the explanatory variable.
Variable Queensland Brigalow Belt South
Coeﬃcient Std. dev. 95% Conf. Interval Coeﬃcient Std. dev. 95% Conf. Interval
Lower bound Upper bound Lower bound Upper bound
Biophysical characteristics
Rainfall (5-year moving mean) −0.00072 0.00065 −0.00076 −0.00068* −0.00049 0.00166 −0.00060 −0.00039*
Temperature (5-year moving mean) −0.13509 0.01403 −0.13596 −0.13422* −0.09428 0.01685 −0.09532 −0.09323*
Socioeconomic characteristics
Food price index −0.01996 0.00149 −0.02006 −0.01987* −0.02128 0.00146 −0.02137 −0.02119*
Distance to protected areas −0.00011 0.00005 −0.00011 −0.00011* 0.00004 0.00010 0.00004 0.00005*
Political characteristics
Broad-scale clearing ban 0.00244 0.00033 0.00242 0.00246* 0.00215 0.00037 0.00213 0.00217*
Policy uncertainty −0.00190 0.00016 −0.00191 −0.00189* −0.00201 0.00018 −0.00202 −0.00200*
Mean R2 0.99377 0.99285
Global R2 0.99360 0.99252
* Conﬁdence interval excludes zero.
Fig. 5. Causal impact of the broad-scale
clearing ban on net forest cover change in
Queensland (a,b) and the Brigalow Belt South
(c,d), after controlling for the inﬂuence of all
temporal variables. Cumulative impact esti-
mates of (b) and (d) are statistically signiﬁcant
(p < 0.05). Vertical dotted line separates pre-
and post-intervention periods, where the in-
tervention begins in 2007.
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demands, have also been observed elsewhere (Larson and Bromley,
1991; Angelsen and Kaimowitz, 1999). This eﬀect may also be re-
ﬂective of concurrent changes in the Vegetation Management Act or
other policies that more directly aﬀect secondary forests at the state
level (e.g. Vegetation Management and Other Legislation Amendment Act
2009, Queensland Biodiversity Oﬀset Policy 2011, 2014) or national level
(e.g. Australia’s Native Vegetation Framework 2012, EPBC Act Environ-
mental Oﬀsets Policy 2012) (Evans, 2016).
The impact of the broad-scale clearing ban on its primary con-
servation target, remnant forests, was limited. State-wide remnant de-
forestation was successfully reduced by the ban, reﬂecting more direct
impacts of similar deforestation policies around the world (Angelsen
and Kaimowitz, 1999; Assunção et al., 2012). In contrast, the coun-
terfactual projection for remnant deforestation in the BBS was too si-
milar to the observed rates to identify a signiﬁcant impact. These mixed
eﬀects are likely due to inherent diﬀerences between aggregate state-
wide deforestation behaviours and those in historical deforestation
hotspots like the BBS. For example, Simmons et al. (2018) identiﬁed
diﬀerential clearing patterns along the political timeline between dif-
ferent regions of Queensland. Clearing patterns in the BBS suggested
landholders were driven by the agricultural suitability of the land but
limited in the amount of suitable land still available for clearing. The
authors also found that other regions of the state, like the Great Barrier
Reef catchment, showed greater deviations in clearing patterns after
policy intervention, suggesting landholders were more responsive to
restrictive regulations. The greatest value of the clearing ban may thus
be its ability to avoid increased remnant deforestation in atypical or
relatively intact landscapes—which would inherently have a relatively
low risk of deforestation—rather than protecting fragments of remnant
forests in extensively cleared regions that need protection.
While peak periods of policy uncertainty signiﬁcantly reduced forest
cover across spatial scales, its impact on remnant deforestation was
most pronounced. For remnant forests throughout Queensland, the
perversities resulting from policy uncertainty were large enough to
render the broad-scale clearing ban ineﬀective at reducing remnant
deforestation beyond the counterfactual. In the BBS, policy uncertainty
appears to have resulted in deforestation levels far surpassing the po-
sitive beneﬁts of the intervention (i.e. the combined eﬀects of policy
uncertainty and implementation resulted in increased remnant defor-
estation). In contrast, the inﬂuence of policy uncertainty had an insig-
niﬁcant eﬀect on the clearing ban’s impact on net forest cover change.
This discrepancy between FCI and RCI may largely be due to the
relevancy of the Vegetation Management Act, wherein heighted policy
uncertainty regarding future restrictions on remnant forests may not
jeopardise future clearing plans for secondary (unregulated) forests.
There are also likely to be diﬀerent responses from diﬀerent stake-
holders; the threat of regulatory relaxations or anti-environmental re-
gime shifts can also provoke unexpected pro-environmental beha-
vioural responses, which may increase the expanse of forest regrowth.
For example, the election of Ronald Reagan and his administration’s
anti-environmental agenda in the United States sparked a pro-en-
vironmental movement, leading to the creation of new land trusts from
landholders and environmental organisations (Johnson, 2014).
4.2. Achieving a forest transition in Queensland
This study conﬁrms that Queensland entered a forest transition in
2008 for remnant forest and total forest cover, the latter of which has
previously been identiﬁed in other analyses (Marcos-Martinez et al.,
2018). Regulatory relaxations introduced in the Vegetation Manage-
ment Act since 2012, however, may be reversing this transition, as
recent rates of remnant forest loss are increasing and net forest gains
are diminishing. Overall, the broad-scale clearing ban was inﬂuential to
achieving forest transition in the state, but in the BBS, the com-
mencement of the Act’s regulations in 2000 may have been more in-
ﬂuential in spurring a trajectory toward remnant forest transition ear-
lier than the rest of the state. Additional state and federal policies on
oﬀsets during 2011–2014 also likely played an important role in
achieving a forest transition, particularly for promoting secondary
forest gains. Moving forward, it is crucial that future deforestation
regulations are strengthened to target the most threatened forests in the
landscape, as the results of this study support previous evidence that
regulation has been comparatively less eﬀective at protecting threa-
tened vegetation in Queensland (Rhodes et al., 2017).
Peak periods of policy uncertainty signiﬁcantly reduced forest
cover, inevitably delaying transition for all Queensland forests. This is
especially true for remnant forests, which are more directly aﬀected by
changes (and perverse responses) to the Vegetation Management Act. In
light of the concerns over the degree of uncertainty and inconsistency in
the Act’s political timeline (Senate Inquiry, 2010; Simmons et al.,
2018), it is important to recognise that policy is inherently dynamic,
and some degree of uncertainty will always be prevalent. While this
process is important for the adaptive management of natural resources,
policies must adapt without provoking perverse responses from
Fig. 6. Causal impact of the broad-scale
clearing ban on remnant forest cover change
in Queensland (a,b) and the Brigalow Belt
South (c,d), after controlling for the inﬂuence
of all temporal variables. Cumulative impact
estimate of (b) was statistically signiﬁcant
(p < 0.05), but (d) was insigniﬁcant (p=
0.41). Vertical dotted line separates pre- and
post-intervention periods, where the interven-
tion begins in 2007.
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stakeholders. Perception is a key instigator for policy change, whereby
original goals can evolve and previous ‘successes’ can be deemed ‘fail-
ures’ (Bovens and ‘t Hart, 1996; Ens et al., 2013). These perceptions
come from all stakeholders, and the inﬂuence of landholders is espe-
cially important. The observed declines in forest cover surrounding
policy change are likely a result of psychological reactance, whereby
the removal or expected removal of clearing opportunities provoked
opposition and resistance from some landholders (Brehm, 1966). The
results of this study reﬂect the potential short-term behavioural eﬀects
of this reactance, yet long-term cognitive eﬀects may also explain the
series of regulatory relaxations since 2012 (Schenk et al., 2007).
Because political factors have both positively and negatively inﬂu-
enced forest transition, it is imperative that future deforestation inter-
ventions use the proper tools to reduce forest loss and strategically
minimise attitudinal or behavioural retaliations. Command-and-control
regulation may be eﬀective at a large scale, but it can produce perverse
incentives to over-value the lost opportunities (Kinzig et al., 2013) or
increase individuals’ self-interest (Cardenas et al., 2000), which may
reduce eﬀectiveness at regional scales. Retrospective provisions to the
Vegetation Management Act amendments since 2004 have likely
curbed many instances of pre-emptive or ‘panic’ clearing, and this
practice has been frequently used in similar policies in other Australian
states (Productivity Commission, 2004). This may be advantageous, as
people are more likely to accept impending regulations when the
changes seem more inevitable (Proudfoot and Kay, 2014). In contrast,
voluntary extension-based approaches may be more ﬂexible and col-
laborative, and promote understanding and collective action (Lockie,
2009; Ives et al., 2010; Ens et al., 2013), but they may incur some
pitfalls in terms of large-scale impact, funding, and practical issues with
their implementation (Santos et al., 2006; Kollmann and Schneider,
2010; Jordan and Matt, 2014).
4.3. Limitations, opportunities, and future directions
The similarities and dissimilarities between trends in net forest
cover and remnant forest cover have important implications for mon-
itoring and reporting in Queensland. It is encouraging that the NCAS
and SLATS data used to monitor national and state-level deforestation,
respectively, largely capture the same drivers of forest cover change.
Their diﬀerences, however, will aﬀect how Australia measures its
progress toward achieving international biodiversity targets, as all
forests are not equal in ecological impact (Watson et al., 2018). The
large amount of reforestation since 2007 is a positive outcome for
Queensland, as secondary forests can provide new habitats for threa-
tened species in agroecosystems (Bowen et al., 2009). These new for-
ests, however, often require decades of growth in order to achieve a
number of ecosystem services comparable to remnant forests, including
greater species richness and abundance, greater carbon sequestration,
and maintenance of regional climate (Bowen et al., 2009; Reside et al.,
2017; Watson et al., 2018). A reliance on monitoring net forest gains
across the state may thus ignore the rates of remnant forest loss, which
are likely to have a disproportionately negative impact on biodiversity
than the positive impacts of regrowth forests. We recommend broader
uptake and reporting of the SLATS methodology for Australia, as it
provides critical information unidentiﬁable by NCAS and monitors a
larger range of woody vegetation that is also important for biodiversity
(Macintosh, 2007).
The Bayesian causal impact estimate used in this analysis does not
account for spatial heterogeneities in the landscape. Thus, these esti-
mates are reﬂective of the overarching goals of the broad-scale clearing
ban, but will not distinguish novel deforestation behaviours from tra-
ditional behaviours. Nevertheless, this method of causal impact esti-
mation could prove to be an easy tool for initial estimations of policy
impact that can be used by policy advisors and practitioners. Future
research is needed to assess the full impacts of vegetation management
regulations on deforestation across Queensland. Additional research is
also needed in order to fully understand the mechanisms through which
policy uncertainty and command-and-control regulations alter land-
holders’ clearing behaviours. The indicators used in this study may be
capturing speciﬁc psychological drivers of change or other unidentiﬁed
characteristics of these time periods. A greater understanding of the
psychological and social implications for deforestation decision-making
is needed to determine how to create sustainable behaviour change.
The results of this study may yield signiﬁcant implications for other
deforestation hotspots around the world, and the eﬀects of policy un-
certainty may well extend outside of conservation policy. Diﬀerent
contexts, however, will warrant investigations into other drivers of land
use change or other perverse outcomes associated with regulatory in-
terventions. For example, the uncertainty provoked by impending
policy changes aﬀecting the property rights or tenure security of
landholders in some nations may inevitably counteract intended con-
servation outcomes (Alston et al., 2000; Aldrich et al., 2012). In other
tropical, developing country contexts, the inﬂuence of diﬀerent defor-
estation enterprises (e.g. logging, oil palm plantations, cropping) and
socioeconomic conditions (e.g. population size, poverty, access to
roads) may be more inﬂuential in driving land use changes (Busch and
Ferretti-Gallon, 2017). Further, the inﬂuence of political regime
changes may provoke diﬀerent responses in other countries, such as
exporting deforestation activities into neighbouring countries
(Meyfroidt et al., 2010). Even within Australia, state-level diﬀerences in
landholders’ response to forest policies and government incentives have
contributed to the high rate of forest loss in Queensland relative to
other states (Marcos-Martinez et al., 2018). Regardless of the context, it
is critical that the intentional and perverse eﬀects from conservation
policy are measured alongside more traditional drivers frequently used
in the literature, as the psychological and social ramiﬁcations of reg-
ulatory intervention represent a universal driver of behaviour change.
5. Conclusions
Conservation regulations and political uncertainty can be signiﬁcant
drivers of deforestation alongside other biophysical and socioeconomic
drivers. Frequent inconsistency or instability along the political time-
line can delay or reverse forest transitions and minimise the eﬀective-
ness of policy interventions. It is imperative that countries monitor how
conservation policy instruments are contributing to forest cover change
at national and regional scales, and identify how the ﬂow-on eﬀects of
intervention may create perverse outcomes from stakeholders. Further,
countries must explicitly consider trends in primary forest loss along-
side net forest gains in order to monitor the diﬀerential eﬀects that
forest cover dynamics will have on biodiversity, ecosystem function,
and success rates of deforestation interventions. Governments seeking
to use forest conservation policy to eﬀectively reduce deforestation
must ensure their interventions account for state- and regional-level
deforestation drivers, minimise frequent legislative changes, and be
robustly evaluated to ensure regulation is achieving the desired re-
sponses from landholders.
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